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One of the challenging problems in drug discovery is to identify the novel targets for drugs. Most of the
traditional methods for drug targets optimization focused on identifying the particular families of ‘‘drug-
gable targets’’, but ignored their topological properties based on the biological pathways. In this study, we
characterized the topological properties of human anticancer drug targets (ADTs) in the context of biolo-
gical pathways. We found that the ADTs tended to present the following seven topological properties:
inﬂuence the number of the pathways related to cancer, be localized at the start or end of the pathways,
interact with cancer related genes, exhibit higher connectivity, vulnerability, betweenness, and closeness
than other genes. We ﬁrst ranked ADTs based on their topological property values respectively, then
fused them into one global-rank using the joint cumulative distribution of an N-dimensional order statis-
tic to optimize human ADTs. We applied the optimization method to 13 anticancer drugs, respectively.
Results demonstrated that over 70% of known ADTs were ranked in the top 20%. Furthermore, the perfor-
mance for mercaptopurine was signiﬁcant: 6 known targets (ADSL, GMPR2, GMPR, HPRT1, AMPD3,
AMPD2) were ranked in the top 15 and other four out of the top 15 (MAT2A, CDKN1A, AREG, JUN) have
the potentialities to become new targets for cancer therapy.
 2015 Elsevier Inc. All rights reserved.1. Introduction
The identiﬁcation of novel drug targets is a major challenge in
medicine and biology. Traditionally, most studies have focused
on the identiﬁcation of particular families of ‘‘druggable targets’’
and achieved signiﬁcant success [1,2]. However, genes rarely func-
tion in isolation in a complex biological system, especially when a
patient undergoes drug treatment (such as the anticancer therapy).
A growing body of evidence indicate that drug design should focus
on all the drug-affected genes simultaneously from the genome-
wide perspective [3]. Recently, with the development of
high-throughput biological experimental technologies, a large col-
lection of gene expression proﬁles with drug treatments is avail-
able, such as the Connectivity Map (CMap) [4]. Many expression-based approaches have emerged for further understanding of drug
mechanisms in the whole genome [5–7]. These methods have pri-
marily focused on single drug target without considering the inter-
actions among them. Studies have demonstrated that the drugs
affect not only their intended targets but also other genes that
interact with them or trigger the downstream molecular events
[8]. The increasing use of protein–protein interactions (PPIs)
allowed for network-based approach to predict novel drug targets
[9–11]. These studies showed that some topological properties,
including betweenness, closeness and connectivity, within pro-
tein–protein network could distinguish known ADTs from other
genes signiﬁcantly. Thus, the topological properties within pro-
tein–protein network can be used to better assess the potentiality
of a node as a novel drug target [9–11].
Biological pathways that belong to more accurate
network-based data have superior properties that naturally suited
to discover novel drug targets [12,13]. Firstly, the pathways were
reliable because they were curated manually from scientiﬁc
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was convenient to consider a pathway in isolation as a particular
function module [15,16]. Thus, it was feasible to map the drug tar-
gets into certain pathways to elucidate the mechanisms of action
of the drug. Finally, the biological pathways were directional. So,
it was practical to assess the importance of the potential drug tar-
gets according to its position or interaction [16,17]. For example,
the insulin receptor (INSR), which was involved in the insulin path-
way and the adherens junction pathway, plays a more important
role in insulin pathway due to its terminal position and high con-
nectivity compared to its role in adherens junction pathway [18].
Taken together, the biological pathways are highly valuable and
powerful for optimization of the drug targets.
In this study, we carefully analyzed the topological properties of
human ADTs in the context of biological pathways and found seven
topological properties that could distinguish known ADTs from
other genes signiﬁcantly. We proposed an optimization approach
for human ADTs through integrating all seven pathway-level topo-
logical properties to rank the candidate ADTs. Our pathway-based
method can help solve some limitations of PPI-based methods,
including (1) the lack of consideration regarding the functional
module in which several genes carry out a speciﬁc function
together, (2) the difﬁculty in understanding the global importance
of any gene in one module or across all of these various functional
modules, (3) the directionless assessment of information transfer
across the genes in functional module. We applied this method
to 13 anticancer drugs respectively, and achieved good optimiza-
tion, particularly for the drugs mercaptopurine and methotrexate.
In conclusion, the optimization strategy we developed, which was
based on pathway-level topological properties, offers a new sight
and could aid in the discovery of novel anticancer drug targets.2. Materials and methods
2.1. Datasets
2.1.1. Known anticancer drug targets (ADTs)
The drug targets dataset was downloaded from the KEGG and
DrugBank database [14,19]. We extracted all the anticancer drugs
and their targets according to the disease and the Anatomical
Therapeutic Chemical (ATC) information. Finally, we obtained
573 ‘‘anticancer drug–target’’ relationships and 155 targets.2.1.2. Four types of special neighbor genes
To test whether the known ADTs interacted with the cancer
related genes, cancer genes (CGs), cancer hallmark genes (CHMGs),
known anticancer drug target genes (KADTGs) and genes encoding
the nuclear membrane proteins (NMPGs) were used as four types
of special neighbor genes, which were important for cancer ini-
tiation, progression and therapy in the following analysis.
766 CGs were obtained from the report by Li et al. [20]. CHMGs
in the study were deﬁned as genes functionally involved in the six
cancer hallmarks, including self-sufﬁciency in growth signals,
insensitivity to antigrowth signals, evasion of apoptosis, limitless
replicative potential, sustained angiogenesis, tissue invasion and
metastasis [21]. We obtained 1320 genes as CHMGs, which were
functionally annotated with ‘‘DNA repair’’, ‘‘cell growth’’, ‘‘cell pro-
liferation’’, ‘‘angiogenesis’’, ‘‘cell migration’’, and ‘‘locomotion’’
from Gene Ontology (GO) [22]. KADTGs mean genes known as anti-
cancer drug targets, we obtained 155 KADTGs from KEGG and
DrugBank. NMPGs mean genes that encode the nuclear membrane
proteins. In particular, we selected 149 NMPGs with a nuclear
membrane subcellular location from the Uniprot Knowlegebase
(UniprotKB) [23].2.1.3. Biological pathways
Information regarding the biological pathways was obtained
from the KEGG PATHWAY database [14], including metabolic and
non-metabolic pathways. We used the R-based software package
SubpathwayMiner to reconstruct all pathways graphically [15].
This type of reconstruction retains the raw information of the path-
ways, particularly the structures, and provides detailed and reli-
able information for analyzing the ADT topological properties
based on these biological pathways.
2.1.4. Anticancer drug gene expression data
In order to optimize the targets for anticancer drugs from the
whole genome, we utilized transcriptional data for cultured human
cancer cells treated with anticancer drugs obtained from CMap
(http://www.broadinstitute.org/cmap/). The library contains 6100
instances of 4 cancer cell lines treated with 1309 distinct small
molecules [4]. We downloaded all the instances, gene expression
proﬁles and their associated annotation ﬁle ‘‘cmap_in-
stances_02.xls’’ from the CMap website. According to the annota-
tion information, 42 among the 1309 bioactive small molecules
were anticancer drugs. The instance information that these drugs
corresponded to were used to extract the anticancer drug gene
expression data.
2.1.5. Gene expression proﬁles of cancers with the survival time
information
To validate that the candidate targets with prior rank have
closely correlation with cancer patients’ survival time, we down-
loaded 9 gene expression proﬁles of cancers with the survival time
information from GEO database (http://www.ncbi.nlm.nih.gov/-
geo/): 3 lung adenocarcinoma proﬁles (GSE13213, GSE3141,
GSE8894), 3 breast cancer proﬁles (GSE2990, GSE4922, GSE1456),
and 3 colon cancer proﬁles (GSE12945, GSE17536, GSE14333).
2.2. Methods
2.2.1. Identifying candidate targets for anticancer drugs
We identiﬁed the candidate targets for each anticancer drug
according to its expression proﬁles from the CMap database [24].
For each instance of drug, we matched perturbation and control
pairs of expression proﬁles according to descriptions of the
instances in the ﬁle ‘‘cmap_instances_02.xls’’. Then we used
fold-change analysis to identify differentially expressed genes
(DEGs) for each instance with |log2fold-change|>log21.5 (gene
expression up-regulated or down-regulated 1.5 folds) between
the corresponding treatments and control gene expression proﬁles.
The DEGs were merged if the corresponding instances belonged to
the same drug, these genes were considered to be anticancer drug
affected genes. As a result, of 42 anticancer drugs in CMap, we
obtained the corresponding 13,082 DEGs which were signiﬁcantly
affected by at least two anticancer drugs. An anticancer drug can
correspond to 1345 genes on average. They were considered as
the candidate targets for anticancer drug and were used to identify
the cancer related crucial pathways.
2.2.2. Identifying cancer related crucial pathways (CRCPs)
The pathways that satisﬁed the following three rules were con-
sidered to be CRCPs: associated with cancer initiation and progres-
sion; important for cancer therapy; and prone to be affected by the
anticancer drugs. Subsequently, we performed pathway annotated
analysis for three gene sets: cancer gene set (766 genes), known
ADT gene set (155 genes), and anticancer drug affected gene set
(13082 genes). The concurrently annotated pathways for these
three gene sets were regarded as the CRCPs and used for analyzing
the topological properties of the known ADTs.
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For each gene in CRCPs, we calculated the following seven path-
way-level topological properties: (1) the number of CRCPs inﬂu-
enced; (2) the positional tendency: We divided each CRCP into
three kinds of positions: start, median and end. According to the
degree distribution of all nodes (genes) in CRCP, the nodes with 0
in-degree and their immediate neighbors were deﬁned as the
nodes located at start position, the nodes with 0 out-degree and
their immediate neighbors were deﬁned as the nodes located at
end position, and the remaining nodes were deﬁned as the nodes
located at median position; (3) the extent of the four types of spe-
cial neighbor genes (CGs, CHMGs, KADTGs, NMPGs) simultaneous-
ly existed; (4) the average connectivity across all CRCPs; (5) the
average betweenness across all CRCPs; (6) the average closeness
across all CRCPs; (7) the average vulnerability across all CRCPs:
For each CRCP, the vulnerability was calculated based on the global
efﬁciency characteristics [25] which denotes the efﬁciency of the
CRCP in sending information between the nodes. We calculated
the average vulnerability for each gene across all CRCPs which it
inﬂuenced. The corresponding formulas and short descriptions
are listed in Table 1 and the detailed descriptions are shown in
Supplementary Information.
2.2.4. Optimizing candidate ADTs based on pathway-level topological
properties
The selection of a prospective ADT is a complex balance in
which numerous conditions were considered. We compared all of
the seven pathway-level topological properties simultaneously to
rank the candidate ADTs like the method of Endeavor [26].
Speciﬁcally, we used the order statistics to combine the seven dif-
ferent ranks from the seven pathway-level topological property
values. A ‘‘M’’ statistic was computed from all seven rank ratios
using the joint cumulative distribution of an N-dimensional order
statistic.
Mðr1; r2;    ; rNÞ ¼ N!
XN
i¼1
ðrNiþ2  rNiÞMðr1; r2;    ; rNi; rNiþ2;    rNÞ
ð1Þ
where ri is the rank ratio for the ith pathway-level topological prop-
erty, and N is the number of properties used (here, N = 7).
2.2.5. Survival analysis
For each anticancer drug, we selected top 20% candidate targets
as the biomarkers to perform the survival analyses. For a gene
expression proﬁle of cancers with the survival time information,
the cancer patients were clustered into two groups according to
the biomarker genes’ expression using the k-means clustering
method [27]. Then, according to the survival information of the
cancer patients, we created the survival curves for the above twoTable 1
List of pathway-level topological properties.
Property Function
Cancer related crucial pathway number (CRCPN) Ng
Average terminal position score(ATPS) 1
N
PN
i¼1PSðg; t; iÞ
Average four kinds of special neighbors score (AFSNS) 1
N
P4
t¼1
PN
i¼1NSðg; k; iÞ
Average degree (AD) 1
N
PN
i¼1Kðg; iÞ
Average betweenness (AB) 1
N
PN
i¼1
P
p–g–q2V
dpqðgÞ
dpq
Average closeness (AC) 1
N
PN
i¼1jVg j  1=
P
g–jdgj
Average vulnerability (AV) 1
N
PN
i¼1ðE Eðg; iÞÞ=Egroups. The survival curves were compared with the log-rank test
and got a p-value [27]. The smaller the p-value the more closely
correlated with the cancer patient survival time for the biomarkers
(top candidate targets). Here, we used the survival package for the
R statistical computing platform.3. Results
3.1. Human ADT topological properties in the context of biological
pathways
The biological pathways themselves provide valuable informa-
tion in drug targets identiﬁcation and optimization. Our current
aim is to optimize the targets for anticancer drugs. So, we focused
on the biological pathways associated with cancer. We selected the
cancer related crucial pathways (CRCPs). The pathways that satis-
ﬁed the three rules were considered as CRCPs: they are associated
with cancer initiation and progression; important for cancer ther-
apy; prone to be affected by anticancer drugs (see details in Sec-
tion 2.2). Totally, we identiﬁed 119 CRCPs, including purine
metabolism, arachidonic acid metabolism, MAPK signaling path-
way, ErbB signaling pathway, etc. Most of them are closely associ-
ated with the cancer initiation, progression, and therapy [28–30].
We then characterized the topological properties of the known
ADTs in the context of these CRCPs, including: the number of
CRCPs they inﬂuenced; their positional tendency; their interac-
tions with cancer related genes; their betweenness, closeness,
connectivity and vulnerability. We used the following seven mea-
surements to quantify the above topological properties respective-
ly, called CRCPN, APS, ASNS, AB, AC, AD, and AV (see Table 1 and
Supplementary Methods for detailed formulas and descriptions).
As shown in Table 2, the CRCPN of known ADTs was signiﬁcantly
higher than that of control set (all genes in all CRCPs) (P-val-
ue = 1.98e08, the signiﬁcance was calculated using the Wilcoxon
Rank-Sum test unless otherwise noted). On average, the CRCPN of
the known ADTs was two times as much as that of control set, and
over half of known ADTs participated in over three CRCPs. This sug-
gests that the ADTs tend to inﬂuence a greater number of pathways
associated with cancer. Ille et al. also reported that multi-pathway
proteins presented to be good potential drug targets [11].
For one gene, its function and importance may vary according
to its location in the pathway. To test whether the ADT positional
tendency differed from other genes, we divided each CRCP into
three kinds of positions: start, median, and end. We quantiﬁed
them by the measurements of APS, called: APS_start, APS_median,
and APS_end. The results demonstrated that, compared with con-
trol set, the known ADTs tended to be localized to the start or
end of CRCPs (P-value = 0.02; P-value = 8.52e3). This implied that
the ADTs were prone to be localized to the gate of the biologicalDescription
The number of cancer related crucial pathways which gene g inﬂuenced
PSðg; t; iÞ denotes whether gene g locates at t position in ith CRCP; t = terminal
(start or end)
NSðg; k; iÞ denotes whether there exists the type k neighbor in ith CRCP for gene g
Kðg; iÞ denotes the number of links to gene g in ith CRCP
dpq is the number of shortest paths from gene p to gene q; dpq(g) is the number of
shortest paths from gene p to gene q that pass through gene g; V denotes the set
of all genes for ith CRCP
|Vg| denotes the size of the reachable sub-CRCP for ith CRCP from gene g; dgj is
the distance between gene g and gene j
Eðg; iÞ denotes the global efﬁciency of the ith CRCP when delete gene g and all of
its links; E is the global efﬁciency of the whole ith CRCP
Table 2
Signiﬁcant differences of pathway-level topological properties between controls and
known ADTs. The signiﬁcance was calculated using the Wilcoxon Rank-Sum test
unless otherwise noted.
Property Mean in controls Mean in known ADTs Signiﬁcance
CRCPN 2.7577 5.6777 P = 1.9E08
APS_start 0.2700 0.2941 P = 2.8E02
APS_median 0.5899 0.5834 P = 0.67230
APS_end 0.2710 0.2962 P = 8.5E03
ASNS_cgs 0.5188 0.6006 P = 4.4E02
ASNS_chmgs 0.0514 0.1146 P = 8.9E10
ASNS_kadtgs 0.2381 1.0000 P = 6.3E76
ASNS_nmpgs 0.5179 0.7266 P = 1.9E05
AD 2.7053 4.0535 P = 1.5E05
AB 38.809 201.92 P = 7.5E08
AC 0.0698 0.0724 P = 2.8E02
AV 0.0098 0.0307 P = 1.3E05
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bined these two kinds of positions into one category, called ‘‘termi-
nal’’ and utilized the measurement of ATPS to quantify it (see
Table 1).
Genes rarely perform their function in isolation underlying the
pathways; the neighboring interactions potentially determine
their importance to a certain extent [18]. We investigated whether
there is a special relationship with the neighbors in proximity to
the known ADTs. To test this, we chose four types of genes impor-
tant for cancer initiation, progression, and therapy: CGs, CHMGs,
KADTGs, NMPGs [20–23]. We used ASNS_cgs, ASNS_chmgs,
ASNS_kadtgs, and ASNS_nmpgs to quantify them, respectively
(see Supplementary Methods for detailed formulas and descrip-
tions). As shown in Table 2, compared with control set, it was more
likely that the known ADTs interacted with other known ADTs (P-
value = 6.34e76) and the cancer genes (P-value = 0.04). In addi-
tion, the known ADTs tended to regulate the downstream cancer
hallmark genes to a greater extent than control set (P-val-
ue = 8.93e10). Hanahan et al. reported that the anticancer drugs,
which could target each of the cancer hall-mark (CHM) capa-
bilities, were required [21]. Therefore, if the CHMs were regulated
by the ADTs it would help prevent incipient cancer from progress-
ing. Moreover, the known ADTs also tended to regulate the down-
stream NMPGs more likely than that of control set (P-
value = 1.87e05). Nuclear membrane proteins play key roles for
the signals transferred into the nucleus from the cytoplasm. Thus,
it will be helpful for the information dissemination of the cancer
therapy if the NMPGs were regulated by the ADTs. Taken together,
it could be potentially helpful for cancer therapy if these four types
of special neighbors are simultaneously present around the ADTs.
Thus, we considered the four types of neighbors that could be
simultaneously present and used the measurement of AFSNS to
quantitate this analysis (see Table 1).
Additionally, we analyzed four other basic topological proper-
ties that reﬂected the importance of a certain gene or protein
across the CRCPs: betweenness, closeness, connectivity and vul-
nerability. As shown in Table 2, the betweenness and connectivity
of the known ADTs were much greater compared to the control set
(P-value = 1.50e05; P-value = 7.55e08). This suggests that the
known ADTs are more likely to be the hub-bottlenecks in CRCPs;
previous studies have also shown that the known drug targets
tended to have more neighbors [9] and to bridge two or more clus-
ters in PPIs [31]. Moreover, we found that the known ADTs had the
tendency to have higher closeness (P-value = 0.028), indicating
that the known ADTs may potentially inﬂuence other molecules
more rapidly in the CRCPs. The signiﬁcantly higher vulnerability
(P-value = 1.34e05) of known ADTs also suggested their critical
roles in sending information in the whole CRCP, of which the dele-
tion would result in a lower level of communication.3.2. Optimize ADTs based on the topological properties underlying the
biological pathways
Selection of prospective ADTs is a delicate balance in which
numerous conditions should be considered. In order to optimize
the human ADTs systematically, we considered all above seven
properties that the ADTs shared in the level of biological pathways
simultaneously to rank the candidate ADTs. Ultimately, using the
method of Endeavor [26], seven distinct prioritizations were gener-
ated for each candidate ADT and then fused into one global-rank
(see Section 2.2 for detail optimization pipeline). We applied this
optimization method to 13 anticancer drugs, respectively, and
affected genes of each anticancer drug that mapped into CRCPs
were considered as its candidate targets. As shown in Fig. 1, over
70% of known ADTs on average were ranked in the top 20%.
Speciﬁcally, for 10 of the 13 anticancer drugs, half of their known
targets ranked in the top 20%. Moreover, 6 of these 10 drugs (aza-
citidine, carmustine, geﬁtinib, methotrexate, nilutamide, thalido-
mide) exhibited a good performance that all of their known
targets were ranked in the top 20%. We analyzed the top 30% can-
didate ADTs for each anticancer drug. Result showed there were 12
drugs having over 50% known ADTs appeared in the top 30%. Fur-
thermore, there were 8 drugs having all known ADTs also appeared
in the top 30%. Over 50% of known ADTs for each of these 12 drugs
and all known ADTs for these 8 drugs appeared in the top 30% sug-
gesting that most of the known ADTs can be efﬁciently recalled
according to our approach. To quantify the probabilities of the
known ADTs appeared ahead, we calculated the ratio of the
observed to expected number of known targets (called OER) for
the 13 anticancer drugs, respectively. As shown in Fig. 2, the OERs
were signiﬁcantly increased along with an increase in global-rank.
In particular, the maximum probability of known ADTs in the top
10% was 5.3 times as much as expected indicating the potency of
candidate ADTs with prior global-rank to exhibit a greater likeli-
hood of being novel ones.
Furthermore, based on the expression, a potentially useful ADT
should be able to aid in the determination of cancer patients’ sur-
vival time. Thus, to validate if the genes with prior global-ranks
have a strong association with cancer patients’ survival time, we
downloaded nine gene expression proﬁles of cancer cases with
patient survival time information from the GEO database: three
lung adenocarcinoma proﬁles, three breast cancer proﬁles, and
three colon cancer proﬁles (see details in Datasets). For each anti-
cancer drug, we selected the candidate targets with high ranks (top
20%) and performed the survival analysis (see details in Datasets).
We found that the candidate targets with prior ranks were closely
associated with the survival time (p 6 0.05, log-rank test) (Fig. 3a).
In addition, a survival analysis was constructed for the bottom 20%
of candidate targets, but the associations with survival time were
not as strong as for targets ranked ahead, and the difference was
signiﬁcant (Fig. 3b and c). This ﬁnding indicated that priorization
of the candidate targets based on the pathway-level topological
properties is reliable. In order to further illustrate the effect and
power of our method in optimizing ADTs, we analyzed the next
two anticancer drugs: mercaptopurine and methotrexate.
Mercaptopurine, a purine analogue interfering with nucleic acid
biosynthesis by inhibiting purine metabolism, is used to prevent
the formation and spread of cancer cells. According to the records
in Drug Bank and KEGG, it has 12 known targets. We identiﬁed 108
candidate targets which were mapped into 96 CRCPs according to
our method. Eleven of 12 known targets were ranked within the
top 30 among the list of 108 genes. Moreover, six of 12 known tar-
gets were ranked within the top 15 (Table 3). Other 9 candidate
targets were also reported as potential novel targets for mercap-
topurine. The top ranked known targets, adenylosuccinate lyase
(ADSL), was involved in the purine metabolism pathway and its
Fig. 1. The ratios of known ADTs which ranked in top 20% and top 30% of candidate targets list for 13 anticancer drugs.
Fig. 2. The OER values for 13 anticancer drugs. The horizontal axis denotes each 10
percents of candidate ADTs ordered by global-rank, and the vertical axis denotes the
OER values for 13 anticancer drugs. The dash line indicates that the higher-ranked
candidates were more likely to be the known ADTs. The solid line shows the average
OER.
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instance, the known targets adenylosuccinate synthase (ADSS) was
an upstream neighbor and AMP deaminase was a downstream one;
the cancer gene deoxycytidine kinase (DCK) and the cancer
hallmark gene adenosine kinase (ADK) were in downstream
(Supplementary Fig. 1). Methionine adenosyltransferase II-alpha
(MAT2A), ranked second, was not described as a known target
for mercaptopurine according to the Drug Bank and KEGG databas-
es. This suggested that MAT2A may be a new target of Mercaptop-
urine. We found that MAT2A was reported to play an important
role in facilitating cancer growth. Its expression was increased in
cancer cells such as liver and colon cancer and it may hold potency
as a new target for antineoplastic therapy [32,33]. Liu et al. sug-
gested that the down regulation of MAT2A potentially inhibited
the liver cancer growth [32]. Interestingly, according to the CMap,
MAT2A was signiﬁcantly down-regulated by the stimulus of mer-
captopurine. This indicated that MAT2A exhibited strong potential
as a novel target for mercaptopurine. Cyclin-dependent kinase
inhibitor 1A (CDKN1A, p21), amphiregulin (AREG), and jun proto-
oncogene (JUN) ranked sixth, tenth and eleventh, respectively, as
shown in Fig. 4, were involved in the ErbB signaling pathway
simultaneously, and all of them were located in terminal positions
(inlet or outlet of the signals ﬂuxing through the pathway). The
dysregulation of the ErbB signaling pathway has a strong asso-
ciation with multiple cancers [34,35] and Shah et al. proposed that
targeting the ErbB signaling could potentially serve as a therapy for
management of prostatic cancer [36]. The AREG, one of the ligands
of the epidermal growth factor receptor (EGFR), participates in ﬁve
Fig. 3. (A) Distribution of survival analysis P-values for 13 anticancer drugs using the top 20% candidate targets. 11 Among 13 anticancer drugs achieved statistical
signiﬁcance. (B) Distribution of survival analysis P-values for 13 anticancer drugs using the lowest 20% candidate targets. None of the 13 anticancer drugs achieved the
statistical signiﬁcance. (C) Ratio of expression proﬁles with the survival analysis P-values 6 0.05 using the highest and lowest 20% candidate targets respectively. The top
candidates exhibited a signiﬁcant correlation with survival times (long and short) for more proﬁles than the lowest candidates.
Table 3
The information of top candidate targets for mercaptopurine and methotrexate.
Top 15 for mercaptopurine Top 5 for methotrexate
Symbol Rank Ref. Symbol Rank Ref. Symbol Rank Ref.
ADSL 1 Known TCF7L2 8 [48] CTH 1 –
MAT2A 2 [32,33] CALML5 9 [49] MTR 2 –
RET 3 [50] AREG 10 [37,38] CDC6 3 [51]
GMPR2 4 Known JUN 11 [39] PLCD1 4 [45]
GMPR 4 Known HPRT1 12 Known DHFR 5 Known
AURKA 5 [52] AMPD3 13 Known
CDKN1A 6 [40] AMPD2 13 Known
CDKN1C 7 [53]
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evading apoptosis, limitless replicative potential, sustained angio-
genesis, tissue invasion and metastasis [37]. Due to its multiple
functions in tumorigenesis, AREG exhibits a promising target for
cancer treatment. Furthermore, Busser et al. suggested that it
was required to target the expression or activity of AREG in cancer
treatment [38]. According to the CMap, AREG was signiﬁcantly
down-regulated under the stimulus of mercaptopurine. This indi-
cated that the ErbB signaling might be partly inhibited by the treat-
ment of mercaptopurine against AREG. Additionally, the other two
candidate targets, JUN and p21, were also implicated in a variety of
human cancers [39,40]. Their positions in the ErbB pathway were
crucial: they have the special upstream neighbors such as known
targets and cancer genes, and they were the outlets for the signals
across the whole pathway. Thus, their disturbances directly corre-
lated with the angiogenesis, adhesion, and cell cycle progression
associated with oncogenesis. In summary, our optimization
approach was reliable and signiﬁcant, and the candidate targets
ranked highly in our study could be potential novel targets for
mercaptopurine.
Methotrexate helps to inhibit the growth of cancer cells by pre-
venting the synthesis of DNA and RNA using folate. According to
DrugBank and KEGG databases, there was only one known target,
dihydrofolate reductase (DHFR), that participated in tetrahydrofo-
late synthesis [41]. This means that our method can rank candidate
targets based on an almost blinded information of the known drug
targets. Since our method is effective for the drug with known tar-
gets, it can be applied to new drugs lacking known targets as well.
According to the CMap, we identiﬁed 307 differentially expressedgenes which mapped into 115 CRCPs as the candidate targets of
methotrexate. We optimized the 307 candidate targets based on
our pipeline, and DHFR was ranked ﬁfth (Table 3). The top four
candidate targets were not described as a known target for mer-
captopurine according to the Drug Bank and KEGG databases. Cys-
tathionase (CTH) and 5-methyltetrahydrofolate-homocysteine
methyltransferase (MTR), ranked ﬁrst and second respectively,
participated simultaneously in the selenocompound metabolism
pathway. These two genes encoded the critical enzymes for
biosynthesis of the L-selenomethionine and methylselenol, which
suppress cell growth of several human cancers [42–44]. According
to the CMap, we found that CTH and MTR were signiﬁcantly up-
regulated by the stimulus of methotrexate. This indicated that
methotrexate potentially inhibited the growth and promoted
apoptosis of cancer cells by heightening the concentration of
L-selenomethionine and methylseleno through up-regulation of
CTH or MTR. Thus, CTH and MTR may be potential new targets of
methotrexate. Another top-ranked candidate, phospholipase C-
delta 1 (PLCD1), as a potential novel target [45], was mapped to
three CRCPs: phosphatidylinositol signaling pathway, calcium sig-
naling pathway and inositol phosphate metabolism (Supplemen-
tary Fig. 2). But its importance was different in these three CRCPs
due to its different position. It was located in three critical posi-
tions in the phosphatidylinositol signaling pathway and it was
the essential mediator for the signal ﬂux in this pathway (Supple-
mentary Fig. 2c). The entire phosphatidylinositol signaling path-
way might be heavily perturbed if PLC (encoded by the PLCD1)
were absent. Previous studies have demonstrated that the dys-
regulation of the phosphatidylinositol signaling network may con-
Fig. 4. The visualization of three candidate targets for mercaptopurine involved in the ErbB signaling pathway. AREG ranked tenth, p21 ranked sixth, and c-Jun ranked
eleventh. They were all located at the key positions of the pathway, as gates of the signals inﬂux and efﬂux. Especially the c-Jun and p21; their inhibition or activation
inﬂuenced the downstream biological processes such as angiogenesis, adhesion and cell cycle progression. Node colors: blue, candidate targets; red, known ADTs; green,
cancer genes; pink, cancer hallmark genes. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)
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niﬁcantly down-regulated genes in it [46]. According to Xiang
et al., PLCD1 could inhibit cancer cell migration and induce the cell
cycle G2/M arrest [47]. Therefore, the up-regulation of PLCD1 could
potentially contribute to cancer therapy. Interestingly, PLCD1 was
also up-regulated by the treatment of methotrexate. Thus, PLCD1
exhibits the strong potential for being a novel target for
methotrexate.4. Discussion
The selection of prospective targets for an anticancer drug
involves multiple considerations. In this article, we characterized
the pathway-level topological properties of ADTs and found that
some topological properties could signiﬁcantly distinguish them
from other genes. The ADTs tend to inﬂuence more cancer related
crucial pathways; they tend to be localized to terminal positions;
they have a greater number of interactions with other known ADTs
and cancer genes; they tend to regulate the cancer hallmark genes
or genes encoded nucleus membrane proteins; they play key roles
in keeping the pathway structure and the information transfer
because of the higher closeness, betweenness, connectivity, andvulnerability. Therefore, we suggest that these pathway-level topo-
logical properties should be considered when optimizing the ADTs.
Based on these pathway-level topological properties, we pro-
vided an optimization method for human ADTs. Nearly 72% of
known ADTs were ranked in the top 20% on average, and almost
80% of known ADTs were ranked in the top 30%. In addition, we
found that the top ranked candidates displayed a close correlation
with the cancer patients’ survival time. Furthermore, we applied
the optimization method to mercaptopurine and methotrexate.
For mercaptopurine, six known targets were ranked in the top 15
candidate targets. Almost all of the other nine were found to be
potential new targets for cancer therapy. For mercaptopurine, the
several top candidate targets ranked by our method were found
to be potential new targets for cancer therapy, although the drug
has an almost blinded information of the known drug targets.
Our results demonstrated that the pathway-level topological prop-
erties we used were informative and practically useful for human
ADT optimization. The optimization method we proposed poten-
tially offers a global insight into the underlying mechanisms of
anticancer drug actions and it could potentially be applied to other
kinds of drugs without prior targets information.
The PPI-based approaches for optimizing anticancer drug
targets has mainly focused on topological features, including
J. Zhang et al. / Journal of Biomedical Informatics 54 (2015) 132–140 139betweenness, closeness and connectivity to assess the potentiality
of a node as a novel drug target. However, they ignored the impor-
tance of a functional module and the direction assessment of infor-
mation transfer across the genes in a functional module. Our
method, a pathway-based approach for optimizing anticancer drug
targets, naturally suited to use information of a functional module
because a pathway is naturally considered as a particular function
module. More importantly, the biological pathways are directed
and thus can be used to assess the importance of the potential drug
targets according to its position. We found that the ADTs tended to
inﬂuence more cancer related pathways and be localized at the
start or end of the pathways and to interact with cancer related
genes. These further suggested that our pathway-based approach
for optimizing anticancer drug targets are highly valuable for the
optimization of drug targets.
We also noted that there were several limitations in our study
due to the uncompleted knowledge of human gene function and
biological pathways. Because our method was based on the
quantitative structures of pathways, the optimization could not
be performed for the candidate ADTs if it was not annotated in
any pathways. These issues will be improved with the develop-
ment of integrated biological molecular networks with multi-
dimensional information; and an optimization pipeline based on
human biological pathways will be expanded. The pathway-based
strategy we reported in this study offers insight toward the discov-
ery of more reliable and effective targets for the anticancer drugs.
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